a rank-constraint-based technique (RCB) in DTW to calculate the synchronization. Such techniques only consider unidirectional alignment, 3, 4 i.e., they project the trajectory from one scene to the other, which designates one view as the reference for computing the temporal alignment. Such techniques introduce the bias toward the reference trajectory, i.e., due to the noise and imperfection of the obtained reference trajectory, such a technique will produce erroneous alignment. Therefore, for the sake of minimizing the bias, one should consider computing the alignment in a symmetric way. Singh et al. 5 formulated a symmetric transfer error (STE) as a functional of regularized temporal warp. The technique determines the time warp that has the smallest STE. It then chooses one of the symmetric warps as the final temporal alignment. The STE technique provides better results than unidirectional alignment schemes. The accuracy of the temporal alignment can be improved further, since the STE technique does not really eliminate the reference-view bias between two sequences.
In this work, we propose an unbiased bidirectional dynamic time warping (UBDTW) technique that can remove biasing and provide more accurate results.
Proposed Technique
The schematic of the proposed temporal alignment technique is shown in Fig. 3 . The technique consists of three steps which are explained in the following sections.
Bidirectional Projections
Since feature trajectories represent the activities in the video sequences, we compute the projections of the feature trajectories F 1 from scene 1 to 2 and F 2 from scene 2 to 1 using Eq. (1) as follows:
where H 1→2 and H 2→1 are the homographies from scene 1 to 2 and scene 2 to 1, respectively. Homographies are independent of the scene structure and can be computed from X (x 1 , y 1 , z 1 , t 1 ) ∩ X (x 2 , y 2 , z 2 , t 2 ) using the direct linear transform (DLT) algorithm. 6 
Computation of Symmetric Warps
Once we obtain two pairs of feature trajectories, (F 1 , F p 2 ) and (F p 1 , F 2 ), we compute the symmetric warps W 1,2 p and W 1 p,2 using regularized DTW. We construct the warp W as follows:
where L 1 and L 2 are the length of trajectories F 1 and F 2 , respectively. The L'th element of the warp W is w L = (i, j), where i and j are the time indices of F 1 and F 2 , respectively. The optimal warp is the minimum distance warp, where the distance of a warp is defined as follows:
is the distance between the two values of the given time indices (i, j) in the k'th element of the warp. We propose a regularized distance metric function as follows:
where ∂F and ∂ 2 F are the first and second derivatives of F. The regularization term can be considered a smoothness penalty, where w is the weight (normally, w = 25).
To find the optimal warp, an accumulated distance matrix is created. The value of the element in the accumulated distance matrix is:
A greedy search technique is employed to find the optimal warp W, such that dist(W) is minimum. We can now obtain the symmetric warps W 
Once D c is obtained, global constraint based on W 1,2 p and W 1 p,2 is added into this matrix. Denote W c as the warps under the global constraint, which is restricted by the symmetric warps, as follows:
Finally, warp W c , which satisfies the following equation, is chosen as the final warp.
(10) Figure 4 shows an intuitive explanation for the proposed optimal warp calculation. 
Experiments and Comparative Analysis
We evaluated our technique using both synthetic and real videos and compared it with RCB 4 and STE techniques. 
Synthetic Data Evaluation
In the synthetic data evaluation, we generate planar trajectories 100 frames long using a pseudorandom number generator. These trajectories are then projected onto two image planes using user-defined camera projection matrices. A 60-frames-long time warp is then applied to a section of one of the trajectory projections. The temporal alignment techniques are then applied to the synthetic trajectories. The test was repeated on 100 different synthetic trajectories and 100 similar trajectories with noise added. The added noise was a normally distributed random variate, with zero mean and variance σ 2 = 0.1. The mean absolute error between the warp obtained by different techniques and the ground truth is computed as the evaluation metric. The results are shown in Table 1 . The percentage in the parentheses represents the improvement obtained by an alignment technique with respect to the original error. Figure 5 shows a synchronization result with a synthetic trajectory. The performance of the RCB, STE and the proposed techniques are compared. It is clear that the proposed technique outperformed the other techniques.
Real Data Evaluation
For the real video test, we use two videos (54 frames and 81 frames long, respectively) capturing the activity of lifting a coffee cup by different people. We tracked the coffee cup that can represent the activity in a video to generate feature trajectories. Since ground-truth information is not available, we used visual judgement to assess whether the alignment was correct or not. Figure 6 shows some representative aligned frames in the 4th, 8th, and 12th elements of the alignment warp computed using the STE and the proposed technique. Note that if the coffee cup is at the same position in two frames, we marked it as "matched," otherwise, "mismatched." In the results obtained using the STE technique, only one pair of frames is matched, indicating that such technique can often result in erroneous alignments. The performance of the proposed technique is shown in the last two rows. It is observed that all the alignments are correct.
